Abstract. Based on compressive sensing (CS) technology, a high resolution confocal microwave imaging algorithm is proposed for breast cancer detection. With the exploitation of the spatial sparsity of the target space, the proposed image reconstruction problem is cast within the framework of CS and solved by the sparse constraint optimization. The effectiveness and validity of the proposed CS imaging method is verified by the full wave synthetic data from numerical breast phantom using finitedifference time-domain (FDTD) method. The imaging results have shown that the proposed imaging scheme can improve the imaging quality while significantly reducing the amount of data measurements and collection time when compared to the traditional delay-and-sum imaging algorithm.
Introduction
Breast cancer is one of the most terrible disease effecting women all over the world [1] . Due to the high incidence rate of its occurring, the efficient diagnose technology for breast cancer detection is in urgent need. The earlier breast cancer is found, the easier it is to treat with. Currently, X-ray mammography is the most effective technique for breast cancer detection [2] . However, it suffers from relatively high missed and false-detection rates and has the underlying risk of the destructiveness to cells and nerves of patients. Some other available screening techniques such as MRI and ultrasound are either too costly or less effective. The shortcomings of these techniques motivate the development of the alternative technique for breast cancer detection.
The significant contrast in the dielectric properties at microwave frequencies of normal and malignant breast tissue has provided an opportunity for the employment of the microwave breast imaging (MBI) [3, 4] . Since MBI is non-ionizing and noninvasive in practice, it has received the increasing attention in the area of the breast cancer detection. The main challenge of MBI for breast cancer detection is to develop a robust imaging algorithm that can provide the high quality image with the high resolution and good suppression of artifacts [5] .
Over the past years, a wide variety of MBI approaches have been proposed in the reported literature. These algorithms can be generally divided into two main categories. The first category is microwave tomographic method which involves the solution of an ill-conditioned nonlinear inverse scattering problem [6] . The microwave tomography can recover the electrical properties profile of breast from the measured data. The microwave tomographic algorithm is usually vulnerable to the noise and computationally intensive. The second category is the ultra-wideband (UWB) microwave confocal imaging method which uses synthetic or physical apertures to infer the locations of significant microwave scatters such as malignant tumors [7] . Within the framework of UWB microwave imaging, the delay-and-sum (DAS) beamforming algorithm and its variation have been developed for breast cancer detection. The images provided by DAS-kind algorithms may suffer from low resolution and high sidelobe levels.
In this paper, a new approach of compressive sensing (CS) [8] based MBI algorithm for breast cancer detection is proposed. By exploiting the spatial sparsity of the imaging space, the MBI reconstruction problem is cast within the framework of CS and solved by the sparse constraint optimization. The effectiveness and validity of the proposed CS MBI method is verified by the full wave synthetic data from numerical breast phantom using finite-difference time-domain (FDTD) method [9] . The imaging results have shown that the proposed imaging scheme can improve the imaging quality while significantly reducing the amount of data measurements and collect time.
The remainder of this paper is organized as follows. The adopted breast phantom model is described In Section 2. In Section 3, the proposed CS confocal imaging algorithm is given in detail explanation. In Section 4, the result and performance of CS based reconstruction imaging algorithm are presented and analyzed. Finally, concluding remarks are summarized in Section 5.
FDTD breast model for data acquisition
In conventional microwaves imaging systems [10] , the bistatic pattern is to make the transmitting and receiving antennas move together with a fixed offset over the investigation domain. The correspond- ing movement of antennas provides larger synthetic aperture than a single antenna aperture, so high resolution imaging results in the crossrange will be obtained [11] .
A bistatic antenna array consists of two elements: a transmitting antenna and a receiving antenna, set them at a short distance from the surface of the breast phantom and move them together with a fixed distance when the detecting procedure is in process. The transmitting antenna activates impulse signals to the breast phantom continuously, and the returned signals are acquired by the receiving antenna.
The expression of the transmitted impulse signal is the second order derivative of Gaussian function [12] , the transmitted waveform is depicted on Fig. 1 and it can be expressed by Eq. (1).
where f c is the center frequency, α = 1/f c and ξ = 2π 2 f 2 c . To simulate a realistic breast cancer detection scenario, a 2-D numerical breast phantom model is constructed to generate the full wave synthetic data by using FDTD method [13] . The 2-D numerical breast phantom is illustrated in Fig. 2 . The 2-D breast phantom model includes a 2-mm-thick skin layer with a relative permittivity (ε 1 = 36). Three square malignant tumors (ε 2 = 50) with side equal to 0.5 mm are embedded in the normal breast tissue (ε 3 = 9). The synthetic aperture consists of 41 antenna locations. Both of the transmitter and receiver move in the step of 0.12 cm to implement 4.8 cm synthetic aperture. The grid size in the 2-D FDTD model is set to Δx = Δy = 0.0005 m and the time step is 1.18ps. The 2-D FDTD problem space is terminated with perfectly matched layer (PML) boundaries [14] .
The time domain response is collected at each receiver location and the measurement data generated by FDTD is shown in Fig. 3 , which consists of 41 × 2120 space-time measurements. It is observed that the location of three tumors can not be easily obtained in Fig. 3 . It is necessary to employ the appropriate the imaging algorithm to process the measurement data to obtain the location of three tumors. 
CS reconstruction imaging

The received signal model
Assume that there are P tumor targets in the breast phantom model, the returned signal at the mth antenna location is given in Eq. (2) .
where σ p represents the complex reflectivity of the pth tumor target, τ pm is the round-trip propagation time delay of the pth tumor target for the mth antenna location. τ pm is determined by the propagation path of the pth tumor target corresponding to the mth antenna location. The propagation path for the tumor target in the breast phantom model is demonstrated in Fig. 4 . The accurate refraction points corresponding to the interfaces of each two different mediums can be obtained by solving via Snell's law [15] . After the refraction points are obtained, the round-trip propagation timedelay in each medium can be calculated by dividing the round-trip propagation path by the corresponding speed. Finally the total round-trip propagation time-delay can be obtained by summing the round-trip propagation time delay of each medium.
Sparsity-based data acquisition and reconstruction
Consider that the imaging region of interest is divided into a finite number of pixels N x × N y in crossrange and downrange, and the tumor targets occupy no more than 
where [
For CS based MBI scheme, a reduced set of measurements y m is measured instead of directly measuring the N-dimensional signal β m by introducing the measurement matrix Eq. (5).
where Φ m is a J × N measurement matrix constructed by randomly selecting J rows of an N × N identity matrix. Without loss of generality, an additive noise vector n m is added in Eq. (5). By employing this data acquisition strategy, the N-dimensional signal β m is condensed into a J-dimensional signal y m . Assume that there are M antenna locations, superpose the matrix equation in Eq. (5) for all M antenna locations to form a composite matrix in Eq. (6) .
where
The sparse signal r can be recovered from y by solving the following l 1 -norm optimization problem in Eq. (7). The problem in Eq. (7) can be solved by using basis pursuit, greedy pursuit, or combinatorial algorithms. In this paper, orthogonal matching pursuit (OMP) [16] is taken into use, which is known to provide a fast and easy approach to implement solution. It is noted that the number of iterations of OMP is usually associated with the sparse level of the reconstructed image. In practice, this piece of information is often unavailable, and the stopping condition is heuristic. The cross-validation technique can be used to determine the stopping condition for OMP reconstruction algorithm.
Simulation results
In order to demonstrate the performance of the proposed CS based imaging algorithm for breast cancer detection, several numerical examples are presented in this section.
The image area starts from the place which is 3 mm from the top surface of skin layer and its scope is 6 cm and 7 cm in crossrange and downrange directions respectively. The synthetic array consists of M = 41 transmitter-receiver pairs equally spaced at 0.0015 m intervals. The transmitter and receiver has a fixed offset distance of 0.0005 m. The impulse signal used as the antenna excitation is a second order derivative Gaussian pulse with a center frequency of 2.5 GHz. In order to ensure the enough propagation time for the round-trip of signals, a proper 2.5 ns time-window is chosen for sampling in the time domain. Additive complex white Gaussian noise is added to the measurements with a signal-to-noise ratio (SNR) of 0 dB, the SNR is defined as the ratio of the total signal power to the noise power in the time domain.
In fact, the recorded signals include early-time and late-time contents. The early-time contents corresponds for the reflections from the skin and antenna reverberations, which lie on the early part of the time domain with high amplitudes, whereas the late-time contents contain the information of the tumor response and clutter. Since the early-time contents appear earlier than the tumor responses in the time domain, a time-gating technique could be used here to eliminate them. Make good choice of time gate ensures that the image could be reconstructed with good robustness.
A reduced set of measurements is taken into CS-based reconstruction, it is an randomly sampled matrix of original received signals with M = 41 in columns and N = 212 in rows. The reflectivities of the tumor targets are assumed to be the same and constant, independent of frequency and aspect angles [17] . Figure 5 displays the images reconstructed by using the traditional DAS algorithm with different compression ratios. The compression ratio is defined as the ratio between the randomly selected data and S763 the full measurement data at each antenna location. Figure 6 shows the reconstructed images obtained by the proposed CS-based imaging algorithm with different compression ratios.
To make the observation more intuitively, each of the reconstructed images is plotted with the maximum intensity value normalized to its maximum and the authenticity of reconstructed targets parameters can be expressed through pixel values directly. It is obvious that the CS-based reconstruction algorithm performs much better than the DAS algorithm in terms of reducing the measurement data and suppressing the clutter responses. The high clutter responses in the reconstructed images obtained by the DAS algorithm bring the significant mess to the reconstructed image area. It is hard to locate the accurate position of tumor targets in the DAS reconstructed images. However, with the same simulation layouts, as is shown in Fig. 6 , although the measurement data is significantly reduced, the CS-based reconstruction algorithm can still reconstruct the tumor targets with higher resolution and less sidelobe level.
Due to the high efficiency of OMP algorithm, the CS-based method can provide much better imaging results with less computational time. The detailed computational time of two different algorithms is given in Table 1 . For each image, the intensity values in the brackets are respectively corresponding to the tumor targets from left to right in the crossrange.
In order to have the quantitative analysis on the result of the experiments, two metrics are introduced in Eqs (8) and (9), respectively. The normalized mean of squared error (NMSE) is defined to measure the reconstruction error:
where z and z are the reconstructed and true signals, respectively. The image quality is measured using the target-to clutter ratio (TCR) [18] : TCR = 10 log 10(P/P ) where P and P are the average power of the target and clutter regions, respectively. For each quantitative analysis measurements, the experiment is operated with 20 times of Monte-Carlo simulation, and the average NMSE and TCR were recorded. The performance of two different algorithms is given in Fig. 7 .
It is well observed that the image reconstructed by the CS based algorithm performs far better than traditional DAS algorithm with significantly lower reconstruction error, and the targets are well localized with high intensity values.
Conclusion
A novel CS based confocal microwave imaging approach for breast cancer detection have been presented in the paper. The proposed CS based imaging scheme which exploits the sparsity of the target space can significantly reduce the data acquisition time by decreasing the total number of measurements. The OMP algorithm is used to reconstruct the image from a small number of random space-time measurements. The experimental results from full wave synthetic data have shown that the proposed imaging scheme can improve the reconstruction quality and significantly reduce the amount of data measurements when compared to the traditional DAS imaging algorithm.
